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ABSTRACT. The USDA Forest Service has a long-established program to identify areas in national
forests for designation as protected Research Natural Areas (RNAs). One of the goals is to protect high
quality examples of regional ecosystems for the purposes of maintaining biological diversity,
conducting nonmanipulative research and monitoring, and fostering education. When RNA designation
conflicts with other land uses, difficult choices must be made about the best number and location of
sites. We addressed this problem by adapting a classic optimization formulation from the location
science literature. The formulation was an integer optimization model for selecting the set of RNAs that
maximized the number of regional ecosystems and natural communities represented subject to an
upper bound on the total area covered by the sites in the selected set. We applied the formulation using
33 potential RNAs in the Superior National Forest in northeastern Minnesota. The 33 potential RNAs
were chosen for our case study because they had been mapped and field-surveyed for the presence
of natural communities. The use of those sites does not imply that other areas in the Superior National
Forest do not merit further study as RNA candidates. The model quickly generated information about
the trade-offs between different protection goals. We found muitiple sets of potential RNAs, ranging
from all 33 sites to a much smaller set of 21 sites, that attained the specified goals for natural
community representation. Thus, the decision-maker can choose among sets of sites with awide range
of total areas without compromising the representation goal. We also found that requirements to
choose a set of sites that represents a range of locally defined ecosystems or priority natural
communities can limit the total number of natural communities that can be represented within a set
of sites of a given area. Average solution times for different problems were less than 5 seconds on
a personal computer, suggesting that integer optimization can readily facilitate investigation of the
impacts of RNA selection goals. For. Sci. 45(3):458-469.

Additional Key Words: Forest planning, integer optimization, land-use planning, optimization
modeling, reserve selection, Research Natural Areas, Superior National Forest.

r I Y HE USDA FOREST SERVICE HAs a long-established
program to identify areas in national forests for
designation as protected Research Natural Areas

(RNAs) (USDA 1992). Between 1927 and 1998, the Forest

Service established 427 RNAs covering over 208,960 ha of

land. Ranging in size from less than 10 ha to more than 4,000

ha, RNAs are lands that are permanently protected and
maintained in their natural condition for the purposes of
maintaining biological diversity, conducting nonmanipulative
research and monitoring, and fostering education. RNAs are
designed to include assemblages of species and ecosystems
of scientific interest, as well as high-quality examples of
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widespread species and ecosystems that are not included in
other protected areas. By protecting ecosystems, RNAs
complement endangered species programs that focus on
rotecting single species and ecosystem management pro-
rams that focus on biodiversity protection on actively man-
aged lands.

One of the goals of the RNA Program is to continue to
identify and designate RNAs that include aquatic and terres-
trial ecosystems not adequately represented by the current set
of RNAs (USDA Forest Service 1992). For example, in
national forests in the Eastern Region of the United States,
ecosystems targeted for inclusion in RNAs can be identified
using a proposed framework (see Appendix of Faber-
Langendoen et al. 1999a) that incorporates the Forest Service
National Hierarchy of Ecological Units (McNab and Avers
1994, Keys et al. 1995) and The Nature Conservancy’s
National Vegetation Classification (Grossman et al. 1994).
Another goal for RNA selection is to increase the size of
protected areas so that they include, to the extent possible,
several ecosystems and landscape-level processes and miti-
gate the adverse effects of management activities outside
their boundaries.

Once a set of potential RNAs that includes the targeted
ecosystems has been identified, selecting areas for RNA
designation is not an easy or straightforward task. A haphaz-
ard selection of RNAs may not contribute to biodiversity
protection or monitoring goals if key land types or natural
communities are not protected. Furthermore, because RNA
designation competes with alternative land uses, some of
which may produce marketable outputs, an ad hoc selection
of sites may incur greater economic losses than actually
necessary. Consequently, the number, size, and location of
RNAs should be determined with care.

The purpose of this article is to demonstrate how optimi-
zation models can be used to systematically evaluate alterna-
tive sets of potential RNAs and associated trade-offs. Al-
though there is a large literature on the application of optimi-
zation models to reserve site selection, only recently have
these approaches been applied to the problem of selecting
RNA sites (Stoms et al. 1998). Our study focuses on the
Superior National Forest in northeastern Minnesota. The
Superior is a good national forest to analyze for RNA selec-
tion because over 90 relatively undisturbed areas have been
identified as a broad pool of candidates for RNA or other
special designation (Vora 1997), the natural communities in
over 30 of these sites are known (Anderson 1997), and the
goals for ecosystem representation are well defined (Faber-
Langendoen et al. 1999b). The modeling approach described
here for the Superior National Forest can be used to guide
RNA establishment in other national forests.

Literature Review

To aid in the selection, design, and evaluation of protected
areas, the reserve selection problem has been examined by
researchers in a number of disciplines. Although a variety of
ecological or biological protection goals exist (Pressey et al.
1993), two reserve selection problems are commonly ad-
dressed in the conservation biology literature: (1) maximize

the number of species or ecosystems that can be represented
within a specified number of sites, or (2) identify the smallest
number of sites sufficient to represent all of the species or
ecosystems of concern.

The first quantitative methods developed to solve these
problems were scoring and ranking procedures based on
metrics such as reserve size or species richness (e.g.,
Kirkpatrick 1983, Margules et al. 1988, Cocks and Baird
1989). Sites are selected for protection in a sequential fashion
based on rank until a resource constraint, such as cost or total
area protected, is reached (e.g., Margules and Usher 1981,
Terborgh and Winter 1983, Pressey and Nicholls 1989). A
significant drawback of this approach is that sites are scored
and selected independently of the composition of previously
ranked sites. As a result, strictly choosing the highest ranked
sites may lead to solutions that are ineffectual or inefficient;
for example, when some species or ecosystems are not
represented at all or when other species are represented more
than once.

A second approach to solving reserve selection problems
involves greedy heuristics (Margules et al. 1988, Rebelo and
Siegfried 1990, Vane-Wright et al. 1991, Bedward et al.
1992, Nicholls and Margules 1993, Pressey etal. 1993). Like
the scoring and ranking methods, greedy heuristics identify
aprioritized sequence of sites for reserve status. The first step
is to select the best site in terms of the principal selection
criterion (e.g., species richness). Next, the value of each
remaining site is calculated, accounting for the species al-
ready represented. The site that best supplements the species
represented in previously chosen sites is selected. This recal-
culation and selection continues until an appropriate resource
constraint (e.g., total cost) or a stopping rule (e.g., all species
of concern are represented) is met. In contrast to scoring and
ranking methods, greedy heuristics avoid redundancy or
omissions of representation by accounting for species repre-
sented in previously selected sites and the species still in need
of representation. The principal drawback of greedy heuris-
tics is that they do not guarantee optimal solutions (e.g.,
finding the maximum number of species that can be repre-
sented by a specified number of sites or finding the smallest
number of sites sufficient to represent all of the species or
ecosystems of concern), and there is no way to determine the
degree of suboptimality (Underhill 1994). Work is continu-
ing in the development of more sophisticated heuristics,
including simulated annealing and genetic algorithms (Pressey
et al. 1996), which may provide better approximations of
optimal solutions.

A third approach involves integer optimization models
(Cocks and Baird 1989, Saetersdal et al. 1993, Camm et al.
1996, Church et al. 1996, Davis and Stoms 1996, Willis et al.
1996, Williams and ReVelle 1996, 1997, 1998). Church et al.
(1996) pointed out that the two reserve selection problems
commonly addressed in the conservation biology literature
are applications or modifications of two classic formulations
from the location science literature: the maximal covering
location problem (Church and ReVelle 1974), which maxi-
mizes the number of entities or amount of demand which
could be covered or represented by a specified number of
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facilities, and the location set covering problem (Toregas and
ReVelle 1973), which minimizes the number of facilities
necessary to cover or represent all demand nodes. Both of
these formulations are amenable to integer optimization,
which guarantees optimal mathematical solutions. Optimiza-
tion differs from scoring and heuristic approaches by identi-
fying and evaluating entire sets of sites according to the
selection criteria, rather than sequentially selecting sites
based upon the characteristics of the sites chosen in previous
iterations. Furthermore, in contrast to scoring and heuristic
approaches, the solutions derived from optimization models
in no way depend on nor are they sensitive to starting
conditions or order of site selection.

The drawback of integer optimization models is that
reserve selection problems can be difficult to solve. For
example, applications of the reserve selection problem with
large numbers of potential sites or complex representation or
coverage requirements sometimes require excessive solution
times (e.g., Pressey et al. 1996, 1997). Church et al. (1996)
suggested, however, that most specifications of reserve se-
lection problems should be small enough to readily solve to
optimality in a reasonable amount of time. Performance
comparisons of heuristic and integer optimization models of
the reserve selection problemindicate that the ultimate choice
of solution procedure should depend upon the problem size
and complexity and the importance of achieving the true,
optimal solution (Csuti et al. 1997, Pressey et al. 1997). If
problem size prohibits the use of integer optimization, then
smaller problems can be solved using both approaches and
compared, allowing assessment of the performance, or dis-
tance from optimality, of the heuristic. We used integer
optimization to solve our RNA selection problem because we
wanted to generate optimal solutions and use those solutions
to estimate the trade-offs between different management
goals. Optimization readily allows determination of the
changes in optimal sets of reserves and ecosystem represen-
tation as a function of changes in resource constraints. The
ability to quickly and accurately produce optimal sets of
reserves under alternative resource constraints is of great use
to decision makers who require explicit, well-documented
Justification for land-use decisions. The computational limi-
tations of integer optimization did not apply in our case
because the problems were relatively small.

Methods

Study Area

The Superior National Forest is the largest national forest
in the eastern United States, covering over 850,500 ha in
northeastern Minnesota (Figure 1) (USDA Forest Service
1986).

The major landforms include glaciated plains with low
mountains, 180-670 m in elevation. Dominant vegetation is
transitional between boreal forests to the north and the largely
deciduous forests to the south. Major forest types include
jack pine (Pinus banksiana), white pine-red pine (Pinus
strobus—Pinus resinosa), white spruce-balsam fir (Picea
glauca-Abies balsamea), aspen-paper birch (Populus
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Figure 1. Location of the Superior National Forest (shaded area).

tremuloides—Betula papyrifera), tamarack-black spruce,
(Larix laricina~Picea mariana), and sugar maple—paperbirch
(Acer saccharum—-Betula papyrifera).

The Boundary Water Canoe Area Wilderness covers the
northern third of the forest. Outside of the wilderness area,
the primary uses of the forest are commercial timber produc-
tion, semiprimitive and developed recreation, and wildlife
habitat (USDA 1986).

Research Natural Area Selection Goals

The proposed draft framework for representing in RNAs
the range of ecosystems found in national forests in the
Eastern Region of the United States contains two kinds of
representation goals (see Appendix of Faber-Langendoen et
al. 1999a). The framework includes a goal for ecological
landtype representation based on the National Hierarchy of
Ecological Units, a system of mapped land units used in
national forest planning at multiple spatial scales (McNab
and Avers 1994, Keys et al. 1995). The National Hierarchy is
incorporated into the framework so that the system of RNAs
provides baseline, high quality, relatively intact ecosystems
based on the same ecological units that are used in many
aspects of national forest planning. In addition, the frame-
work includes a goal for natural community representation to
assure representation of the full range of vegetation types that
occur within each ecological land unit.

We addressed both of those goals in our basic model
formulation. First, we wanted the model to select a set of high
quality sites to represent each regional landtype. Regional
land types were defined using the Subsection level of the
National Hierarchy of Ecological Units. A Subsection is a
unit of land distinguished by climate and geologic structure
covering thousands of square kilometers. Five Subsections
are present in the Superior National Forest, shown by the
shaded areas with alphanumeric labels in Figure 2. Brief
descriptions of the Subsections can be found in Keys et al.
(1995). Subsection boundaries were modified to be consis-
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Figure 2. Ecological units in the Superior National Forest and potential Research Natural Areas used in the
optimization models. Lightly shaded areas with alphanumeric labels represent Subsections.

tent with those used in national forest planning based on a
1997 agreement between the Minnesota Department of Natu-
ral Resources and the Superior National Forest.

Second, we wanted the model to select sites that included the
range of vegetation communities within each Subsection. Com-
munities were defined using The Nature Conservancy’s (TNC)
National Terrestrial Vegetation Classification, which classifies
communities hierarchically based upon both forested and
nonforested vegetation (Grossman et al. 1994). The community
level of the hierarchy that was used for RNA selection was the
Alliance. Alliances were defined by the dominant species of the
uppermost level or canopy of vegetation. For forested types,
Alliances were analogous to Society of American Foresters’
cover types. Thirty-seven Alliances were known to be presentin
one or more Subsections in the Superior National Forest (Table
1) (Faber-Langendoen et al. 1999b). For descriptive purposes,
the alliances were grouped into three categories based on their
current or past landcover in an ecoregion. Matrix alliances cover
(or historically covered) extensive, unfragmented parts of the
landscape. Large and small patch alliances cover less area and
occur in discontinuous patches.

Combining the goals for landtype and plant community
representation, we cross-tabulated those Alliances present
in the Superior National Forest with Subsections to give
132 Subsection-Alliance pairs represented by cells with
black squares in Table 1. Each Subsection-Alliance pair
was an ecological feature in need of representation in our
basic model.

In addition to the goals for Subsection and Alliance
representation, the proposed framework considers represen-
tation of local land types. Therefore, we modified the basic
model to include a third goal of representing the range of
Landtype Associations (LT As) within each Subsection. LTAs
are divisions of Subsections based on phases of soil sub-
groups, local climate, and plant associations. Each Subsec-
tion contained a number of LTAs whose boundaries are
indicated by the narrow lines in Figure 2.

A fourth goal of RNA selection in our model was to
represent priority natural communities identified by a re-
gional RNA assessment (Faber-Langendoen et al. 1999a,b).
When resource limitations prevent the immediate protection
of examples of all plant communities and land types, a long-
range approach can be adopted in which natural communities
are prioritized and assigned time frames for protection. We
identified a set of high-priority Subsection-Alliance pairs for
representation (cells with checkmarks in Table 1) based on
recommendations for the Superior National Forest (Faber-
Langendoen et al. 1999b), and we modified our basic model
to require representation of these priority communities. Pri-
ority was given to all of the matrix Alliances in Subsections
212Lc and 212Le, and the White Pine—(Red Pine)-Quaking
Aspen Forest Alliance in Subsection 212Lb. These matrix
Alliances were dominant landscape features in the past and
are not currently represented in protected areas in these
Subsections, which occupy a large portion of the Superior
National Forest..
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Table 1. Alliances and Subsections in the Superior National Forest.

Subsections
212La 212Lb 212Lc 212Ld 212Le
Matrix Alliances
Jack Pine Forest Alliance rv
Red Pine Forest Alliance g | ] w BV L] 4
White Pine-(Red Pine)-Quaking Aspen Forest Alliance n 4 w BV n n
White Pine Forest Alliance g n u % Bv
White Spruce-Balsam Fir-Quaking Aspen Forest Alliance | w il BV « 0 ¥ Mv
White Spruce - Balsam Fir Forest Alliance u n ‘ n
Sugar Maple-Yellow Birch-(American Beech)Forest Alliance vd | w B w BV w i v By
Quaking Aspen-Paper Birch Forest Alliance vl n w v i % BV
Large Patch Alliances
Black Spruce Forest Alliance B ] L L
Eastern White Cedar-Yellow Birch Forest Alliance 4 n L
Eastern White Cedar Forest Alliance vl + l w B w il 8 |
Red Oak-Sugar Maple-(White Oak) Forest Alliance x H [ ]
Paper Birch Forest Alliance w w w l L i
Silver Maple Temporarily Flooded Forest Alliance : ] B n
Black Spruce Saturated Forest Alliance g | w W w l w il B
Eastern White Cedar Saturated Forest Alliance b4 w il * l 4 |
Black Ash-Red Maple Saturated Forest Alliance ] d w il
Tamarack Saturated Forest Alliance ]
Black Spruce Saturated Woodland Alliance | e 4
Speckled Alder Seasonally Flooded Shrubland Alliance ] * B g | i+ d | il |
Leatherleaf Saturated Dwarf-Shrubland Alliance d | w il « B L] w il
Cattail-(Buirush) Semipermanently Flooded Herbaceous " n L] ] < |
Few-Seeded, Wiregrass Sedge Saturated Herbaceous w il * B n
Jack Pine / Lichen Nonvascular Alliance L
Rock Outcrop/Butte Sparse Vegetation + B
Small Patch Alliances
(Jack Pine, Red Pine) Woodland Alliance [ ]
Red Osier Dogwood-Willow Seasonally Flooded Shrubland |
Bog Birch-(Willow) Saturated Shrubland Alliance w1 [ | | n
Sedge (C. rostrata, uticulata) Seasonally Flooded Herbaceous ] B
Wild Rice Semipermanently Flooded Herbaceous u n L
Wiregrass Sedge Saturated Herbaceous u ] ] ]
Yellow-Whte Water Lily Permanently Flooded Herbaceous ] [ | ] n
Open Bluff/Cliff Sparse Vegetation b:g
Open Pavement Sparse Vegetation L n ] n
Cobble/Gravel Shore Sparse Vegetation o ] ~*
Inland Strand Beach Sparse Vegetation ] L ] ] L
Non-Tidal Mud Flat Seasonally/Temporarily Flooded Sparse u ] ] ] |
LEGEND
| Present in the Superior National Forest

il Present in the Superior National Forest and represented by the set of potential RNAs

w v High-priority Subsection-Alliance pair

Potential Research Natural Areas

Our analysis was conducted using 33 potential RNAs in
the Superior National Forest. The sites were part of a larger
set of 93 sites that were identified in 1996 using maps and
high-altitude aerial photography as potential representatives
of the highest quality remaining examples of characteristic
ecosystems in each LTA (Vora 1997). A rapid assessment
using aerial and ground surveys was conducted in 1997 to
map boundaries and inventory natural communities in at least
two sites in each LTA (Anderson 1997). We selected 33 sites
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for our analysis because mapping and field surveying had
been completed at the time of our study. The use of these 33
potential RNAs does not imply that the other sites do not
merit further study as RNA candidates or that the 33 sites
provide examples of all the natural communities in need of
representation.

Locations and natural communities of the 33 potential
RNAs were described by Anderson (1997). The sitesrange in
size from 269-7,524 ha (Table 2) and include one or more
high quality, relatively undisturbed examples of plant com-



Table 2. Potential Research Natural Areas in the Superior
National Forest.
Potential RNA Subsection LTA(s)  Area(ha)
Cascade Lake 212La 13,36,37 6,867
Locket Lake 35 320
Lullaby Creek 35 269
Rice Chain 36 1,574
Trout Lake 37 671
Barker Lake 212Lb 8,10 1,746
Beaver River 10 510
Cabin Creek 5,11 3,936
Fall River Fen 2,10 421
Heartbreak Creek 8,11 1,031
Lillian Creek South 3 1,391
Lutsen Addition 2,8,10 835
Pearl Lake 5,8,11 1,636
Schroeder Addition 8,11 1,415
South Brule River 10 637
Watertank Lake 10 1,097
Candle Lake 212Lc 5 758
Deepwater Lake 20 895
Loka Lake 5 1,652
Pike Mountain 5,10 363
Rice Lakes 6,7 723
Slow Creek 20 1,136
Watercress Lake 5,7 1,051
Wynne Creek 5,10 1,294
Sullivan Creek 212Ld 1 1,633
Wolf Lake 1 595
Big Lake - 7 Beavers 212Le 8,10,11 7,524
Dragon Lake 1 1,530
Dunka 1,8,11 789
Little Isabella River 1 445
South Greenwood Creek 10 1,051
Timber-Frear 2,34 4,408
White Pine Picnic 10 860

munities. Collectively, the 33 sites cover a total of 51,030 ha.
Each Subsection contains 2-11 potential RNAs (Figure 2).
The five sites in Subsection 212La are clustered in the
northeast corner of the Forest outside the already protected,
extensive Boundary Waters Canoe Area.

The natural communities within each site were identified
(Anderson 1997) according to Minnesota natural community
types as described by the Minnesota Natural Heritage Pro-
gram (1993). These types were based on vegetation, hydrol-
ogy, landform, soil, and natural disturbance regime. To be
consistent with The Nature Conservancy’s National Vegeta-
tion Classification, we translated the Minnesota natural com-
munity types into appropriate, corresponding TNC Alliances
using relational tables (Kristin Snow, The Nature Conser-
vancy, Midwest Regional Office, Minneapolis, MN, per-
sonal communication). Each site contained 1-7 Alliances. In
total, the 33 potential RNAs included 63 of the 132 unique
Subsection-Alliance pairs known to exist in the Superior
National Forest (indicated with stars in Table 1).

At the time of our study, four relatively small RNAs (847
ha total) had previously been established in the Superior
National Forest (Faber-Langendoen etal. 1999b). Our analy-
sis did not take into account the Subsection-Alliance pairs
that occurred in those sites or any other RN A-equivalent sites

within the Subsections but not necessarily on Forest Service
land (e.g., scientific and natural areas established and admin-
istered by the Minnesota Department of Natural Resources).

The Basic Model

To address the first two goals of the proposed framework
for selecting RNAs, we formulated a discrete, 0-1 integer
optimization model to select the set of reserves that maxi-
mized the total number of Subsection-Alliance pairs pro-
tected given an upper bound on the total area covered by the
selected set. The model was based on the maximal covering
location problem (Church and Revelle 1974, Church et al.
1996) with the following notation:

»d = index and set of Subsections,
k, K = index and set of Alliances,
m, M = index and set of potential RNAs,
T = upper bound on total area covered by the selected
set of RNAs,
A, = area of RNA m,
Njk = setof RNAs that contain the Subsection-Alliance
pair jk,
X _ |1 if RNA mis selected for protection
m 0 if RNA m is not selected,
1 if Subsection - Alliance pair jk is represented
Yy = by the selected set of RNAs
0 if Subsection - Alliance pair jk is not
represented.
The model was formulated as follows:
Maximize
IR o
jel kek
Subject to
Y, AX,<T @
meM
Vi< Y X, VjelVkek )
meNy
Xm: Yy € {o,1} 4

The objective (1) maximized the number of unique Sub-
section-Alliance pairs represented or covered by the set of
selected RNA sites. The first constraint (2) ensured that the
total area of the selected set of RNAs did not exceed T, the
upper bound on total area of sites selected for protection. The
upper bound on total area was viewed as a proxy for oppor-
tunity cost because alternative land uses such as logging or
developed-site recreation were assumed to be lost when sites
were designated for RNA status. We assumed that these costs
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were proportional to RNA area and not differentiated by the
quality of the site for other land uses.

The second set of constraints (3) defined the conditions
under which a Subsection-Alliance pair was considered rep-
resented or covered. This constraint stipulated that for any
Subsection-Alliance pair to be represented, at least one of the
eligible RNAs that contained that pair must be selected for
protection. This constraint also ensured proper accounting of
representation of the pairs. If

)

meN

then the corresponding Y, ik variable must also equal zero,
indicating that none of the selectcd sites included the Subsec-
tion-Alliance pair jk. If

S X, 21,

meN

then ¥y = 1, indicating that the Subsection-Alliance pair
Jk was represented The last set of constraints (4) defined the
integer restrictions for the variables.

The basic optimization model found the set of reserves
that protected the greatest number of Subsection-Alliance
pairs for a given upper bound on total area protected. We
estimated the trade-offs between the number of Subsection-
Alliance pairs protected and total area of the selected set of
sites by decreasing the upper bound on total area in incre-
ments of 405 ha (1,000 ac) from the maximum of 51,030 ha
and re-solving the optimization model.

Representing Landtype Associations and Priority Alliances

Additional constraints were added to the basic model to
address the second two goals of the proposed framework for
RNA selection. One of those goals (goal 3) was to pick at least
one site within each Landtype Association (LTA). Using site
location information in Table 2, we defined the set of RNAs
within each LTA and represented the set by the notation L;.
Using this notation, we defined a constraint that required
selection of at least one RNA within each LTA:

Viel 5)

where i and ] were the index and set of LTAs, respectively.
This set of constraints was added to the basic model, which
was solved using the full range of upper bounds on total area
of the selected set of sites. The results were compared to those
from the basic model to estimate the impacts of requiring
complete LTA representation.

The last goal for RNA selection (goal 4) was representa-
tion of priority Subsection-Alliance pairs (cells with check
marks in Table 1). To ensure representation of priority
Subsection-Alliance pairs, we added a constraint to the basic
formulation for each priority pair jk :

Yy =
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The model was solved using the full range of upper bounds
on total area of the selected set of sites, and the results were
compared to those obtained from the basic model to estimate
the impacts of requiring representation of priority Subsec-
tion-Alliance pairs.

Software

All of the models were solved on an IBM300PL personal
computer using the integrated solution package GAMS/OSL
2.25 (GAMS Development Corporation 1990), which was
designed for large and complex linear and mixed integer
programming problems. Input files were created using GAMS
(General Algebraic Modeling System), a program designed
to generate data files in a standard format that optimization
programs can read and process. The models were solved
using the primal simplex algorithm in conjunction with the
branch and bound algorithm for integer-variable problems.
Both these algorithms were obtained from IBM’s OSL (Op-
timization Subroutine Library), a Fortran-based subroutine
library designed to solve optimization problems.

Results

Trade-Offs Between Ecosystem Representation and
Protected Area

We used the basic model to produce a trade-off curve
showing maximum numbers of Subsection-Alliance pairs
represented for decreasing upper bounds on the total area of
the selected set of sites (Figure 3). Each point on the trade-off
curve represents a unique set of selected sites. Although we
generated solutions using upper bounds on total RNA area in
increments of 405 ha (1,000 ac), we showed only those points
in which there was a change in the set of selected sites. A
different solution was not generated each time the upper
bound was decreased. The flat portion of the trade-off curve
between points A and B shows that all 63 Subsection-
Alliance pairs can be represented by sets of sites covering a
wide range of areas (51,030-35,235 ha). If all of the 33
potential RNAs were selected, the protected set of sites
would cover 51,030 ha (point A, Figure 3). Because many
Subsection-Alliance pairs were found in more than one
potential RNA, the model was able to select a smaller set of
sites without reducing representation. For example, the entire
set of 63 Subsection-Alliance pairs was represented with 21
RNAs covering 35,235 ha (point B, Figure 3), a 31% reduc-
tion in total area.

When the upper bound on total area was less than 35,235
ha, not all of the Subsection-Alliance pairs could be repre-
sented. Nevertheless, the upper bound on total area could be
reduced by a substantial amount without great reduction in
Subsection-Alliance representation. For example, the model
showed that 57 Subsection-Alliance pairs, more than 90% of
the total of 63 pairs, could be represented within a set of 18
RNAs covering 16,605 ha (point C, Figure 3), a 67% reduc-
tion in total area from the maximum of 51,030 ha.

Lowering the upper bound on total area below 16,605 ha
accelerated the reduction in numbers of Subsection-Alliance
pairs represented. For example, with an upper bound of 8,100
ha, 45 pairs could be represented, a 28% reduction from the
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‘When the upper bound on total area was relatively small and
restrictive (< 24,300 ha), requiring LTA representation sig-
nificantly reduced the number of Subsection-Alliance pairs

Representing Landtype Associations
The trade-offs between Subsection-Alliance representa-
tion and total area of the selected set of sites were computed
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that could be represented in a set of sites of a given area. For
example, the minimum area required to represent each LTA
with at least one RNA was 19,035 ha (point D, Figure 4). This
set of sites represented 36 Subsection-Alliance pairs, which
was a 37% reduction from the 57 Subsection-Alliance pairs
that were included in the set of sites that had roughly the same
area but was not required to include all the LTAs (point C,
Figure 4). Looking at the effects another way, requiring LTA
representation significantly increased the area required to
represent a given number of Subsection-Alliance pairs. For
example, in comparison to point D, a different set of 36
Subsection-Alliance pairs could be represented with 6,075 ha
without full LT A representation (point E, Figure 4). This is a
68% reduction in total area compared to the minimum area
(19,035 ha) required to represent all of the LTAs.

Adding the LTA constraint had less impact on the trade-
offs between Subsection-Alliance representation and total
area when the upper bound on total area was relatively large
and less restrictive (i.e., >24,300 ha). For example, the
minimum area required to represent all 63 Subsection-Alli-
ance pairs without full LTA representation was 35,235 ha
(point B, Figure 4). This set of sites represented all but 4
LTAs. When the LTA restriction was added, the minimum
area required to represent all of the LTAs and all 63 Subsec-
tion-Alliance pairs was 37,665 ha (point F, Figure 4), an
increase of 2,430 ha or roughly 7% from point B. It is useful
to note that this solution, represented by pointF, still had 26%
less area than the set composed of all of the potential RNAs
(point A, Figure 4).

Representing Priority Alliances
Requiring representation of priority matrix Alliances sig-
nificantly affected the trade-offs between Subsection-Alli-

ance representation and total area of the selected set of sites
70

(Figure 5). When the upper bound on total area was relatively
small and restrictive (< 24,300 ha), requiring representation
of priority matrix alliances reduced the total number of
Subsection-Alliance pairs that could be represented in a set of
sites of a given area. For example, with an upper bound of
17,010 ha, the set of sites that maximized representation
without the requirement to include priority matrix Alliances
represented a total of 57 Subsection-Alliance pairs (point C,
Figure 5). The set of sites that maximized representation with
the requirement to include priority matrix Alliances repre-
sented a total of 36 Subsection-Alliance pairs (point G,
Figure 5), a 37% reduction in representation.
Comparing the matrix Alliances represented by the differ-
ent sets of sites associated with points C and G further
illustrates the effects of the constraints (Table 3). Although
point C included sites that represented 19 matrix Subsection-
Alliance pairs (cells with circles in upper portion of Table 3),
this set of sites did not represent two priority Subsection-
Alliance pairs (cells with check marks and no circles in the
upper portion of Table 3). Point G included sites that covered
slightly more area than the set of sites associated with point
C (17,010 ha compared to 16,605 ha) but included different
sites. Although those sites represented all 12 priority Subsec-
tion-Alliance pairs (cells with checkmarks and triangles in
the lower portion of Table 3), they represented no other
matrix Subsection-Alliance pairs. In fact, point G included
no sites in Subsections 212La or 212Ld. These results dem-
onstrate how a requirement to represent priority matrix Alli-
ances may reduce overall Subsection-Alliance representa-
tion when the upper bound on total area is limiting.
Requiring representation of priority matrix Alliances had
less impact on the trade-offs between Subsection-Alliance
representation and total area when the upper bound on total
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Table 3. Comparison of Matrix Alliances represented by two sets of RNAs of approximately 16,600 ha. Sets C and G

correspond to points C and G in Figure 5.

Subsections
212La  212Lb 212Lc¢ 212Ld 212Le

Set C (No requirement to cover priority matrix Alliances)

Matrix Alliances

Jack Pine Forest Alliance o
Red Pine Forest Alliance [ ] oV ( 4
White Pine-(Red Pine)-Quaking Aspen Forest Alliance o oV
White Pine Forest Alliance ® o
White Spruce-Balsam Fir-Quaking Aspen Forest Alliance @ o [ J v
White Spruce-Balsam Fir Forest Alliance
Sugar Maple-Yellow Birch-(American Beech) Forest Alliance @ @ oV [ ] v
Quaking Aspen-Paper Birch Forest Alliance L oV [ ] o

Set G (Requirement to cover priority matrix Alliances)

Matrix Alliances

Jack Pine Forest Alliance Av
Red Pine Forest Alliance Av Av
White Pine-(Red Pine)-Quaking Aspen Forest Alliance Av AV
White Pine Forest Alliance Av
White Spruce-Balsam Fir-Quaking Aspen Forest Alliance Av Av
White Spruce-Balsam Fir Forest Alliance
Sugar Maple-Yellow Birch-(American Beech) Forest Alliance Av Av
Quaking Aspen-Paper Birch Forest Alliance Av AV

LEGEND
® Subsection-Alliance pair represented by Set C
A Subsection-Alliance pair represented by Set G
v Priority Subsection-Alliance pair

area was relatively large and less restrictive (i.e., > 24,300
ha) (Figure 5). Both models yielded the same solution for the
minimum amount of area (35,235 ha) needed to represent all
63 Subsection-Alliance pairs. With an upper bound of 24,300
ha, the set of sites that maximized representation with the
requirement to represent priority matrix Alliances included a
total of 55 Subsection-Alliance pairs, only 4 less than the set
of sites computed without the priority constraints.

Discussion

We addressed the problem of selecting Research Natural
Areas in a national forest to meet various goals for ecosystem
and natural community representation. We used integer op-
timization to analyze this reserve selection problem because
it provided a logical framework to incorporate site-specific
information about the presence of natural communities, it
gave exact solutions to optimization problems with little
computational effort, and it conveyed easy-to-analyze rela-
tionships for the trade-offs between RNA-selection goals.

A strength of our model was its tractability: solution
times averaged 0.8-2.3 seconds on an IBM300PL per-
sonal computer. Model tractability is important because it
enables decision makers toreadily determine the effects of
different management goals on the optimal number and
location of selected sites. Although our models solved
quickly and easily, some applications might be more
difficult. The classic maximal covering location problem,
upon which our formulation was based, is known as n—p
(nondeterministic polynomial) hard, which means that

solution time may not be a polynomial function of the size
of the problem. As a result, some relatively small prob-
lems could take an exhaustive amount of time to solve. It
is difficult to specify an absolute upper bound in problem
size that this formulation can be efficiently applied to.
Solution time and complexity will be a function of the
structure of the data as well as computing power and the
choice of integer optimization algorithms. If problem
complexity or computation time become restrictive, our
formulation could be used to gauge the effectiveness of
alternative heuristic solution algorithms in tests on smaller
problems.

Another strength of our model was its ability to quickly
generate trade-offs between different protection goals.
These trade-offs are important to identify so that decision-
makers can make informed choices. For example, using 33
potential RNAs in the Superior National Forest, we found
multiple sets of sites, ranging from all 33 sites to a much
smaller set of 21 sites, that attained the specified goal for
Subsection and Alliance representation. Thus, the deci-
sion maker can choose from multiple sets of sites with a
wide range of total areas without compromising the Sub-
section-Alliance protection goal. We also found that re-
quirements to choose a set of sites that represents a range
of Landtype Associations or priority matrix Alliances can
significantly reduce the number of Subsection-Alliance
pairs that can be represented within a set of sites of a given
area. Identifying these impacts should help the decision
maker evaluate these more refined protection goals.
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We emphasize that the 33 potential RNAs used in our
study were chosen because they had been mapped and field
surveyed for the presence of natural communities. The use of
those sites does not imply that other areas in the Superior
National Forest do not merit further study as RNA candidates
or that the 33 sites provide examples of all the ecosystems in
need of representation. The difficulty here is not with the
model but having sufficient information about potential Re-
search Natural Areas.

The process of RNA selection can be influenced by a
number of factors that we did not consider in our model. For
example, the RNA selection process could take into account
the quality and successional status of candidate natural com-
munities, the needs of individual species, disturbances such
as fires or storms that alter the structure and composition of
natural communities, climatic changes that might affect the
demography of protected plants and animals, and uncertain-
ties in the data on presence and absence of natural communi-
ties. Therefore, we want to emphasize that results from
models such as ours should be used in conjunction with
information obtained from other sources.

There is certainly room for improving and expanding
the simple model presented here. For example, we could
refine the definitions of community representation by
taking into account the quality of the candidate natural
communities. We assumed that a Subsection-Alliance pair
was represented when it was present within at least one
selected RNA. Because we did not account for the areas of
communities within each site, a Subsection-Alliance pair
was considered represented even if the community oc-
curred in a very small parcel within one selected site. To
avoid this problem, protection goals could specify mini-
mum areas that are required for adequate community
representation. Another approach would be to grade the
quality of each community parcel on the basis of features
such as area and condition including species composition
and landscape context (e.g., Faber-Langendoen et al.
1999b). Then, representation goals could be based on
quality standards in addition to community types. Yet
another option for modeling would be to reduce the area of
some sites to include only the priority Subsection-Alli-
ance pairs and not those that are represented in other sites.

Another refinement involves recognizing and incorporat-
ing uncertainty about natural community occurrence. We
assumed that the presence and absence of natural communi-
ties within each site was known with certainty. However,
when resources and personnel are limited, exhaustive field
surveys of potential natural areas might not be possible. In
this situation, the community composition of each site could
be expressed using probabilities of occurrence based on
expert opinion. Management goals for community represen-
tation could then be expressed in probabilistic terms (e.g., a
community is represented only when the probability of its
occurrence within the selected sites is greater than some risk
threshold). We are developing such probabilistic formula-
tions that can be solved using integer optimization.

Finally, it is essential to integrate RNA selection into the
broader scope of national forest planning, in which simulta-

468 Forest Science 45 (3) 1999

neous decisions must be made about a widerange of land uses
and management practices. This integration requires detailed
information about each potential RNA so that trade-offs
between natural community representation and other re-
source uses could be illustrated. Further, efforts are being
made to evaluate potential RNAs in light of the natura]
communities already represented by protected areas within
and outside the National Forest System (e.g., Faber-
Langendoen et al. 1999b) and at regional scales defined by
ecological rather than political boundaries. The modeling
framework presented here could certainly be extended to
handle these situations. Obviously, RN A selection will notbe
done in isolation, but within the context of resource limita-
tions and societal demands for a host of desired goods and
services from national forests.

The ability to quickly assess the effects of different re-
source protection goals based on the information at hand is
important to decision makers who require an explicit, well-
documented justification for their land-use decisions. Integer
optimization models can be customized to handle many kinds
of goals for Research Natural Area selection. Model resulits,
in turn, can provide insights about the trade-offs between
competing goals.
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